The use of energy storage devices, such as lithium-ion batteries, has become popular in many different domains and applications. Hence, it is relatively easy to find literature associated with problems of battery state-of-charge estimation and energy autonomy prognostics. Despite this fact, the characterization of battery degradation processes is still a matter of ongoing research. Indeed, most battery degradation models solely consider operation under nominal (or strictly controlled) conditions, although actual operating profiles (including discharge current) may differ significantly from those. In this context, this article proposes a lithium-ion battery degradation model that incorporates the impact of arbitrary discharge currents. Also, the proposed model, initially calibrated through data reported for a specific lithium-ion battery type, can characterize degradation curves for other lithium-ion batteries. Two case studies have been carried out to validate the proposed model, initially calibrated by using data from a Sony battery. The first case study uses our own experimental data obtained for a Panasonic lithium-ion cell, which was cycled and degraded at high current rates. The second case study considers the analysis of two public data sets available at the Prognostics Center of Excellence of NASA Ames Research Center website, for batteries cycled using nominal and 2-C (twice the nominal) discharge currents. Results show that the proposed model can characterize degradation processes properly, even when cycles are subject to different discharge currents and for batteries not manufactured by Sony (whose data were used for the initial calibration).
Introduction
Carbon dioxide emissions reduction through increased participation of renewables and new innovative, smart grid technologies such as energy storage devices (ESDs) in the electricity sector is of utmost importance due to global warming. 1, 2 As the number of applications powered by ESDs grows by the day, the need to understand their performance under various operating conditions increases. 1, 3 Lithium-ion (Li-ion) batteries, in particular, are the preferred choice for ESDs in many applications such as electromobility and frequency control in the electricity system. 4, 5 Several research efforts have focused on the study of Li-ion battery state of charge (SOC), a parameter that is related to the short-term energy usage and availability. 2, 4 Notwithstanding the above, the characterization of battery degradation processes in the longer term is still a matter of ongoing research. Battery degradation is typically characterized by the state of health (SOH). 1, 6 Both the SOC and the SOH cannot be measured directly, and thus they must be estimated through other variables. 6 A critical matter in this article is how the usage of a given Li-ion battery and the environment in which this is immerse affects its SOH and remaining useful life (RUL). 5 Most studies assume that batteries undergo nominal operating conditions. However, actual battery usage may differ significantly from those conditions due to, for example, temperature variations, high discharge current rates, and different SOC swing ranges per cycle. 6, 7 To overcome some of these difficulties, at least in terms of the characterization of battery SOH, we propose a novel model that incorporates the discharge current as a feature that directly affects the degradation process of Li-ion batteries. Also, the proposed model, initially calibrated through data reported for a specific Li-ion battery type, can characterize degradation curves for other Li-ion batteries. Two case studies have been used to validate the proposed model.
Theoretical background
Degradation and aging are processes that clearly affect Li-ion batteries. According to Vetter et al., 8 Li-ion batteries are complex systems where capacity and power fading processes may be caused by multiple reasons such as temperature, cycling rate, storing and operating conditions to mention a few. 6 Moreover, the same authors found that variable operating conditions may enhance damages on several components of the battery. For example, operating a battery at high temperatures causes the decomposition of the electrolyte, while high cycling rates might cause a reduction of the contact area between the cations and the electrolyte. 7 Different factors have a direct impact on the overall performance of the ESD; while some factors can be controlled by the user, others cannot. The C-rate is an important parameter to consider in the characterization of battery usage cycles. 9 The C-rate is a measure of the rate at which a battery is discharged with respect to its nominal capacity (a 1-C rate means that the discharge current will discharge the entire battery in 1 h). Other aspects to be considered are the type of dischargecharge cycle, battery temperature, conditions of how the battery is stored and manipulated, and pressure. 1, 4 There is evidence that relates the atmospheric temperature to the performance of a battery. 10 Although differences in the delivered energy (i.e. energy capacity) can be explained due to changes of the temperature through different equations and models, [11] [12] [13] [14] there is less information regarding the evolution of degradation processes when batteries undergo different discharge current rates. In other words, the majority of existing degradation models are solely validated at nominal discharge currents.
Degradation models
A proper characterization of the battery SOC and SOH may be critical in the development of an intelligent battery management system (BMS), since knowledge on the state of the battery pack allows adequate decision making for both immediate and future use. 15 The scientific community has not yet agreed on a unique procedure to estimate the SOH, mainly due to the level of complexity of variables that affect the process. 16, 17 Regardless of this fact, different types of models for battery SOH estimation have been proposed to this date. For example, Lotfi et al. 17 classify methods for SOH estimation in two categories: either open-loop or closed-loop. The experimental data as well as previous knowledge of the operating conditions. The latter category intends to describe the behavior of the battery (equivalent-circuit models or electrochemical models).
Berecibar et al. 16 classified the degradation models as experimental or adaptive. Experimental models are based on a combination of historical battery cycling data and expert knowledge on a specific battery to determine the parameters that affect its lifespan, including, for example, models based on electrochemical impedance spectroscopy (EIS) analysis, support vector machines (SVM), Coulomb-counting, data maps, and some probabilistic models. 16 The main advantage of these models is that the calculation of relevant parameters can be undertaken in a fast manner, while the main disadvantage is that the performance might not be as good since the battery behavior changes in time.
On the other hand, adaptive models focus on adjusting the parameters that are sensitive to the battery degradation as time goes on. As these models process data acquired in real-time, they can be very versatile, allowing to adjust a determined model structure to any battery type or age. However, these models require a high computational cost, increasing their difficulty for online implementation. 16 Kalman filters, artificial neural networks, fuzzy logic, least squares, among others are some examples of these types of models.
The SOH estimation is a field of great interest for the scientific community, where the efforts have been focused on the modeling of different battery aging mechanisms. 17 An example of this is the work presented in Andre et al., 18 where a general model for the estimation of the SOC and SOH was proposed. The results were demonstrated on a nickel manganese cobalt pouch cell and were extended to any type of cell chemistry. However, in practice, the proposed model depends on many unknown parameters, making it difficult to simulate or implement for a general case. EISbased models are accurate for the analysis of battery degradation processes. However, EIS-based models require expensive equipment to measure the battery internal impedance, and the measurement procedure has to be performed off-line, meaning that the battery has to be disconnected from the load while it is being analyzed. Although the EIS analysis does not give a percentage value of the degraded capacity of the battery, the resulting information is very helpful: the EIS provides a Nyquist plot of the internal impedance of the battery at a wide range of frequencies. 19 Ning and Popov 20 propose a model that controls the battery depth of discharge (DoD) by manipulating the discharge time, and where the final discharge voltage is estimated as a function of the cycle number. Similarly, a generalized charge-discharge model based on the loss of the active Li-ions due to an electrochemical solvent reduction at the anode/electrolyte interface is presented in Ning et al. 21 These works demonstrated that the way an ESD is charged and discharged also has an impact on its aging. In the same line in Ning et al., 22 the authors verified that higher C-rates lead to less available cycles, meaning that the degradation process is accelerated.
The degradation caused in the ESD affects the capability of storing energy. In other words, as the ESD degrades, the amount of energy that can be stored decreases. In this regard, one of the simplest battery degradation models is based on the concept of coulombic efficiency, denoted through the greek letter h. 23 This efficiency is defined as the capability to store energy from one cycle to another. 24 In other words, it represents the rate between the maximum energy capacity that can be stored in one cycle when compared to the maximum energy capacity stored on the previous cycle. Depending on the type of model, there can be one efficiency for charging and a different one for discharging. This efficiency is affected by the DoD and the temperature at which batteries are stored and operated. In Dalal et al., 25 the coulombic efficiency is also incorporated in the model and the end of life (EoL) can be predicted using a particle filter framework.
Battery capacity degradation curves may offer either convex or concave shapes. 26 Based on this fact, some researchers have proposed a model for capacity degradation that incorporates two terms based on natural logarithm functions, which fits accurately when the degradation curve has a concave shape. Unfortunately, this model structure is less efficient in fitting experimental data that show a convex shape, which is the case that was verified in our experiments.
A different approach was performed by Widodo et al. 27 In this case, the authors propose the concept of sample entropy used as an input feature to train two systems: one based on SVM and the other one based on relevance vector machines (RVM). The method proposed in Widodo et al. 27 attempts to predict the SOH of the battery using the nominal capacity at different time instants. Since this method includes a learning algorithm, it requires to be validated before proper implementation.
In Williard et al., 28 an SOH degradation model is proposed considering data from the charging state. The features considered from the charging data were the length of constant current charge time (CCCT) and the constant voltage charge time (CVCT). This model is able to predict that, as the battery degrades, the CVCT will increase and the CCCT will decrease. In Williard et al., 28 an experimental procedure was performed on three different prismatic batteries. The other two variables considered in the model are the internal resistance and the capacity.
As the internal resistance plays a key role in the SOH degradation, different models have been developed in order to estimate its value. This task is not easy due to the nonlinearities present due to the internal chemical processes. In Haiying et al. 29 a frequencybased method to determine the internal impedance is presented. In this case, the authors prove that there is a direct linear relationship between the internal impedance and the SOH, in the frequency domain. A different point of view is presented in Le and Tang. 30 The authors propose an SOH degradation model based on ampere-hour throughput. This is defined as the current throughput and represents the energy delivered or stored in the battery. The ampere-hour throughput can be described as a function of the open circuit voltage of the battery, and the intention is to use unique characteristics of the throughput in order to estimate the SOH while the battery ages. In this approach, the throughput function is generated by using constant current charge and discharge profiles, proposing a quadratic fit to obtain the SOH value.
An analytical approach based on recursive least squares was proposed in Eddahech et al. 31 The authors use this technique to determine certain parameters to estimate in real time the SOC and SOH of a Li-ion battery used for an electric vehicle. The discharge profiles are designed to meet with different driving patterns, for instance, representing an agressive driver o a passive driver. In this experiment, the temperature is a controlled variable due to the battery cycle used in the process. The SOH degradation model is based on the online identification of the internal resistance.
When performing state-space modeling for RUL prediction, it is important to consider the effect that the noise variances can cause if they are not properly dimensioned. Typically their values are considered to be fixed, although if their value is too small, it will take a while until the initial guess states approach the true states. Moreover, if the noise variance is too large, state-space filtering can diverge. 5 Wang et al. 5 propose an efficient method for battery RUL prediction that is capable of updating the noise variances when new measurements are available.
Finally, He et al. 32 present a prognostics and health management (PHM)-based empirical model that analyzes the RUL of the Li-ion batteries. The model parameters are initialized through a Dempster-Shafer Theory approach, and later updated through Bayesian Monte Carlo techniques to manage the uncertainty of the degradation process.
C-rate models
One of the Li-ion battery degradation models that explicitly includes the C-rate was proposed in Thirugnanam et al. 33 In this case, the authors study the performance of the vehicle-to-grid (V2G) interaction through a mathematical model of the battery, where the model parameters are adjusted through genetic algorithms. The model is based on an electric equivalent and a decreasing capacity approach of the processed energy at different C-rates. Then, the results are compared to the original datasheet in order to obtain the capacity degradation. This degradation is reported to be proportional to the applied C-rate.
Lam and Bauer 34 propose an empirical model for the capacity reduction in electric vehicles under different operating conditions. The main idea is to optimize the lifespan of the battery by maintaining a low SOC, avoiding sudden temperature changes and by charging the battery to a certain SOC level that is just enough for the next trip. However, the latter is difficult to undertake in practice since, in a more realistic scenario, it is not always possible to accurately plan or know the next trip. Also, this method does not inform about the degradation of the battery in terms of the number of cycles during the lifespan. Another model is proposed by Xie et al., 35 where the authors present a model that relates the increase in degradation with the increase in C-rate, analyzing different temperature conditions. The proposal corresponds to a mathematical pseudobidimensional model that integrates a solid electrolyte interface growth model.
A discharge-rate-dependent model is proposed in Wang et al. 36 This effort consisted of an experiment that discharged the battery at four different current rates (0.5-C, 1-C, 3-C and 5-C), with intermediate charges at the same rate (1-C). Every time this sequence was repeated, the authors defined a four-cycle rotation for modeling purposes. In this case, the model is based on an exponential function obtained after fitting the available capacity degradation data of three batteries, and by using the amplitude and slope of the exponential function it is possible to correlate them with the different discharge current rates. Using their proposed model, these authors also perform RUL prognosis on a fourth battery that was discharged and charged in the same manner as the original three batteries.
All these efforts represent important steps toward the characterization of the battery SOH as a function of the utilization or usage profile of the ESD. However, their application on SOH prognostic approaches, where the main objective is to predict the moment in which the device has to be replaced, is still limited. Our proposal aims to provide the means to improve our prediction capabilities in terms of the evolution of the battery SOH as a function of future discharge current rates.
Capacity degradation data
This research uses data provided in Ning et al., 22 where the authors cycled a Sony US18650 1.4 Ah Li-ion battery using different discharge rates (1-C, 2-C, and 3-C), at a controlled ambient temperature. After 300 cycles, battery capacities were reduced by 9.5%, 13.2%, and 16.9% when using 1-C, 2-C, and 3-C, respectively. Figure 1 shows the capacity fade results measured every 50 cycles (please note that actual measurements are connected by straight lines in the figure). The same information in Figure 1 can be used to build the associated capacity degradation curve (see Figure 2) . Note that the trend associated with the capacity degradation process follows a convex shape.
Capacity fade curves are used by manufacturers to illustrate the battery degradation on datasheets. Consider, for example, Figure 3 , which depicts an image adapted from the official datasheet of the Panasonic NCR18650B Li-ion battery. Typically, capacity fade curves are built by using data from batteries that are discharged under controlled conditions (DoD, temperature, charging and discharging current rates). Although this information is helpful to compare the expected performance of batteries from different brands, it does not suffice to characterize the impact of higher current rates.
As it was previously mentioned, degradation processes can be characterized through the concept of coulombic efficiency. However, in this research, the intention is to include the C-rate as a variable of the degradation process. It is interesting to note that all degradation curves shown in Figure 2 exhibit exponential decay regardless of the associated C-rate. We followed this intuition and used the curve fitting tool from MATLABÒ to fit a two-summand exponential expression, f(t) = ae bt + ce dt , to actual degradation data. Figure 4 shows the measured data and the corresponding fitted curve. Figures 5 and 6 show the individual contribution of each summand in ae bt + ce dt . It can be noted that each summand exhibits a different trend. On one hand, the first summand represents a contribution that decreases exponentially in time, and where differences among diverse discharge rates are almost negligible after 200 cycles of operation. In addition, the value of the first summand can be neglected in the long term, while it represents about 7% of the total battery capacity during the first operating cycles. Note that the second summand represents an affine function of time, where the slope depends on the battery discharge current. This suggests that this component could be used for better characterization of the degradation trend. Also, it can be stated that while the first summand has a major impact in the short term, the second summand has a major impact in the long term. 
Proposed SOH degradation model
Given that the degradation process can be modeled as the sum of exponential functions in time, a two-statespace equation model is proposed
Equivalently, the continuous state-space model can be re-written in the following discrete-time form (sampling time equals to one cycle)
The values for the coefficients (mean value and the 95% confidence bounds) obtained through the curve fitting tool of MATLAB are shown in Table 1 . Figure 7 summarizes the contributions of each summand to y(k) for three discharge cases, where the mean values of the coefficients have been used. It is known that when a battery is new, its SOH will be 100% (or, equivalently, y(0) = 1). The procedure to determine initial conditions for the system states has to consider this fact. In this regard, we propose a step-by-step procedure to compute x 1 (0) and x 2 (0).
As mentioned previously, the second summand represents the major long-term contribution in the total value of y(k). For this reason, the procedure prioritizes a reasonable initial condition for the state x 2 :
1. Determine the values of coefficients a, b, c, and d by using a fitting tool. 2. Assign x 2 (0): = 1. 3. Solve for x 1 (0), such that y(0) = 1.
In the example previously described, we have
Fixing the value of x 2 (0) equal to 1, and knowing that y(0) is equal to 1, then Now that the procedure for establishing the initial conditions has been explained, we verify the performance of the SOH model. Given that the curve fitting tool generates mean values and confidence bounds for each model parameter a, b, c, and d (see Table 1 ), we proceed to generate 10 sets of random coefficients, assign different initial conditions to each resulting model, and compare the evolution in time of the SOH model with actual measured data obtained from Ning et al. 22 (see Figure 8 ). Figure 9 compares the contribution of the first summand ax 1 (k) for each realization of random coefficients (and the corresponding set of initial conditions x 1 (0) and x 2 (0)). Note that after nearly 50 cycles, all 10 realizations exhibit basically the same behavior.
In case of the second summand, cx 2 (k), and since the initial condition is always set to x 2 (0) = 1, we observe a greater contribution to the overall characterization of the battery SOH in time (see Figure 10 ).
Coefficient analysis
As explained before, the model is composed of twostate-space equations and the corresponding Figure 7 . First and second summand contributions to the capacity degradation process at different C-rates.
observation equation. A total of four coefficients are needed, all of them estimated via a curve fitting procedure. This section analyzes the model, in terms of the relationships between these parameters and the operating conditions at each discharge cycle:
Coefficient a. There is no clear pattern that could relate the values of this parameter and the battery discharge current. There is no overlap among confidence intervals. An interesting issue is that the mean value in the 2-C case is the highest among the three cases. In this regard, there is no evidence of a monotonic relationship between parameter values and discharge current rates. Coefficient b. In this case, it is possible to note that, for both the 1-C and 2-C cases, the confidence bounds are reasonably similar. Furthermore, it can be noted that the mean value of the 2-C case is within the confidence bounds of the 1-C case and vice versa. This situation suggests that these two cases can be merged into just one confidence interval. It is suggested to consider 3-C battery discharges as a separate case, given that that mean value of the parameter is about 30% less than in the other cases. Coefficient c. This coefficient is closely related to the initial value of the second summand of the observation equation, cx 2 (0). When comparing mean values and confidence intervals of 2-C and 3-C discharges, differences are small. However, it is recommended to assume a dependency between the parameter value and the battery discharge current in the implementation of the estimation approach. Coefficient d. This coefficient has a major effect on the characterization of the degradation process since it is associated with the slope of the second summand in the observation equation, cx 2 (k). In this case, the mean values and confidence bounds are separated for each battery operating condition and, moreover, parameter values have a monotonic relationship with respect to the discharge current.
An interesting fact associated with the mean value of coefficient d is that the 1-C case is practically scaled to the nominal capacity of the battery (1.4 Ah). Table 2 summarizes the mean values of the three cases in terms of the nominal capacity. Another fact is that the mean 
values can be fitted through an exponential curve as shown in Figure 11 . Indeed, from collected evidence, we have found that it is possible to find an exponential relationship between values of the coefficient d (in the proposed SOH degradation model) and the battery discharge current rate. This relationship can be characterized by the expression y(g) = ae (bÁ(g) 2 ) , where g is used to represent the C-rate and y(g) is a multiplier used to obtain the coefficient d of the model. Thus, we finally obtain a C-rate-dependent model for SOH degradation over time, defined by state equations (1) and (2), and where
The mean value and the confidence bounds of a and b are shown in Table 3 . In this case, the obtained R 
Experimental results

Characterization of the Panasonic CGR18650CH Li-ion battery
To study the degradation process when cycling a Li-ion battery at high currents, a real experimental procedure was implemented. This procedure degraded a Panasonic CGR18650CH battery cell under controlled conditions for charge-discharge cycles and temperature (25°C). The procedure starts with a brand new battery cell as received from the manufacturer and consists of the following steps:
Charging procedure
The constant current constant voltage (CCCV) charge procedure should be done, first, at 0.5-C and this current must be applied until the voltage reaches 4.2 V. Then the voltage is fixed at this value and the current is reduced until it reaches 0.05-C. Cycles 1-10: Initial cycles 1. Perform discharge cycles at nominal current (1-C) (although the nominal current is defined at 2.25 A, for simplicity, the experiments were done at 2.2 A). 2. Perform the CCCV charging procedure. Repeat this alternating sequence of discharge process (two regular degradation cycles and eight accelerated degradation cycles). The charging procedure must be undertaken after every discharge cycle, to start the new cycle with the battery fully charged.
The experiment started in November 2016 and finished in July 2017. Nearly 600 cycles were completed. Batteries were cycled in our laboratory using a Source Measuring Unit (SMU) (Keithley SourceMeterÒ). The software used for doing so uses a Coulomb-counting method to register the battery capacity at each cycle. Figure 12 shows the degradation process for the normalized battery capacity. In this figure, it can be noted that two different trends co-exist. The uppermost set of points corresponds to discharges performed at 1-C, while the data points at the bottom correspond to cycles performed at 2-C.
An interesting situation happened between cycles 300 and 400. For unknown reasons, the testing chamber stopped controlling the temperature, a fact that went unnoticed. Because of this fact, the amount of delivered energy decreased in those cycles. This effect has to be considered as a temperature-related phenomenon and does not affect the degradation process in the long term. Indeed, once the issue with the testing chamber was fixed, degradation values came back to the expected trend. Using the proposed model (equations (1) and (2)), 50 random realizations were generated and compared with the experimental data at both discharge current levels. Results are shown in Figure 13 . Note that all model random realizations properly follow the trend of the experimental data. Without considering the experimental values that were affected by the temperature problem, the difference between model realizations and the experimental data is less than 2%.
In this regard, it is possible to mention that the proposed model is able to properly characterize the degradation process for a given discharge current. The next step is to evaluate the performance of the model using the data results at 2-C. In a similar way, Figure 14 shows 50 random realizations of the proposed model and the experimental data. Figure 14 shows a bias between model realizations and measured data. However, an important fact to highlight is that the realizations follow the same trend as the experimental data, and that differences are between 5% and 7% in most cases. To verify this biased behavior, experimental data were fitted through the curve fitting tool of MATLAB. To avoid the errors induced by low capacities due to the temperaturerelated phenomenon, these data points were excluded from the fitting process. Figure 15 shows the result when data are fitted by using the proposed model, and the confidence bounds for all the coefficients. Similar to our previous experiment, the resulting fitted curve follows the trend of the experimental data. The average offset is about 5%, and toward the end of the time series, the difference between the fitted values and the experimental data is limited to 3%. It is important to notice that various measured data points match the fitted curve.
To evaluate the model performance, we test the goodness of the fit (see Table 4 ). The statistics used for this purpose are: sum of squares due to error (SSE), the coefficient of determination (R 2 ), the adjusted coefficient of determination (adjusted R 2 ), and the root mean squared error (RMSE). As expected, although the trend of the curve follows the experimental data, the results are not good enough. To overcome this situation, we have slightly modified the original parameter estimation procedure as follows.
As explained previously, the proposed model has two summands in observation equation (2) , which are parametrized by coefficients a and c. From those, coefficient c is the one that has the highest impact when characterizing the degradation process in the long term. In this regard, the coefficient c is left unbounded (or free) during the estimation process, while the feasible region for other coefficients is bounded within the confidence intervals shown in Table 1 . Figure 16 shows the result of this special fit. Note how the bias is reduced just by setting the coefficient c free. For this new fit, the model is able to properly characterize the degradation process without the bias previously observed.
For the sake of comparison, the fitting procedure is repeated. In this case, though, the four coefficients are set free to let the curve fitting tool of MATLAB adjust them; Figure 17 shows the results for this fit. As expected, the resulting fitted curve has a good performance when compared with the experimental data.
A comparison between the goodness of both fits can be observed in Table 5 . Expectedly, the results for the fit with free coefficients are better, although the results obtained where coefficient c is set free only are very similar.
From these results, it is possible to state that the proposed model is able to properly fit the experimental data. Although using the obtained confidence bounds might induce a biased result, this does not mean that the model is not capable to properly represent the degradation process. For instance, the biased result can be amended if one of the coefficients is set free. Although batteries are built under strict quality control conditions, due to the complex chemical processes involved, the degradation results may vary from cell to cell, especially when batteries are not used under nominal conditions. In this case, the model and the confidence bounds were obtained for a specific type of battery, and later applied on a different type of battery. As demonstrated, the proposed model is able to adjust the parameters in a simple and fast manner in order to characterize the observed process.
Sensitivity analysis: number of samples required for model parameter estimation
Model parameter estimation was performed in our case using 300 measurements of battery capacity (one per cycle of operation). However, it is interesting to note that the proposed model structure allows to obtain accurate results using significantly less measurements. In this regard, we provide now a sensitivity analysis that will help to characterize the impact of smaller data sets in the resulting parameter estimates. In this sensitivity analysis, model coefficients, confidence intervals, and prediction of the mean square error (MSE) were used to compare the characterization of the degradation process when using downsampled measurements of the battery capacity (i.e. when considering in the analysis 1 every 5, 10, or 20 measurements). Table 6 summarizes the obtained results. As expected, the lesser the measurements, the larger the confidence intervals for model parameters estimates (see Figure 18 ). Hence, it can be determined that a minimum of 30 measurements (in our case, equivalent to use 1 every 10 available samples) are required to provide reasonably good estimates for the parameters of the proposed model structure.
Characterization of NASA Li-ion battery data sets
One final case study is performed using two data sets obtained from the public repository of the Prognostics Center of Excellence of the NASA Ames Research Center. In this case, the data sets used are those associated with Batteries #34 and #36 (available for download at https://ti.arc.nasa.gov/tech/dash/groups/pcoe/ prognostic-data-repository/). In these experiments the room temperature was controlled at 24°C. The batteries have a nominal capacity of 2 Ah. Battery #34 was discharged at a constant current of 4 A until the discharge voltage reached 2.2 V at each cycle, while battery #36 was discharged at nominal current conditions until the discharge cycle reached 2.7 V at each cycle. The experiment was performed until the nominal capacity was reduced by 20% (i.e. from 100% to 80%).
Similar to the previous case study, the idea is to compare the proposed model under two conditions. The first condition is to set the confidence bounds for coefficients a, b, and d using the previously defined values. The second condition is to set coefficient c free and let the curve fitting tool of MATLAB to adjust it. The first results shown in Figure 19 correspond to Battery #36. Note how the results where coefficient c is set free are able to properly fit the real data. Figure 20 shows the results when all coefficients are set free. In this case, the behavior of the fitted curve follows the trend of the data in a more precise manner, and there are no significant differences between the measured data and the fitted results.
Similar to the previous case study, the goodness of the fit is analyzed. Table 7 shows the obtained results. Note that the differences among the four parameters are very small, and therefore the proposed model is also able to characterize the degradation process of this battery when discharged at nominal current. Next, the previous analysis is repeated on Battery #34. Figure 21 shows the result of the proposed model and confidence bounds except for those associated with coefficient c, which is set free, to be found by the software. Although the data look irregular, the fitted result is capable to follow the trend. Figure 22 shows the result where all coefficients are set free. In this case, it is more difficult to observe the differences between this and the previous result, since the measured data are more distributed.
Finally, both results are compared through the goodness of fit. Table 8 shows that the differences between both approaches are very small.
Lifespan analysis using the proposed model
Following the proposed model structure, a Monte Carlo simulation was realized with the intention of determining how many cycles the battery can operate at different discharge rates until it reaches an 85% of its nominal capacity. As mentioned before, this threshold is enough to consider the battery as degraded. A total of 50,000 realizations were performed, and in each simulation 900 cycles were included. A randomly generated discharge current was assigned to each cycle; this way it is possible to use the proposed model to characterize the degradation process when the battery was discharged at any of the following: 1-C, 2-C, or 3-C. Figure 23 illustrates the degradation process for one realization. It is possible to note how the random realization at the beginning of the process has a similar behavior to the 1-C and 3-C trends, but after almost 50 cycles it begins to follow its own path. This is important since it is possible to quantify the amount of deliverable energy the battery has at the beginning of each cycle. Toward the end, the degradation process is more similar to the 2-C trend and crossing the 85% threshold almost at the same cycle.
To analyze the lifespan of the battery in terms of cycles, a histogram with the results of the realizations is shown in Figure 24 . As seen, in this case, the useful life of the battery can be characterized using a normal distribution, particularly N(400.39, 128.09).
It is important to mention that if intermediate values of discharge currents are used, or perhaps different bounds, for example, discharging the battery just between 1-C and 2-C, the cycle life will change.
Conclusion
This article proposes an empirical model that characterizes the degradation process of Li-ion batteries when discharged at various C-rates. The proposed model is based on a discrete state-space representation and uses two states and four coefficients, where one of the equations has a major impact on the short-term degradation process, while the other affects the long-term degradation. The proposed model can be adjusted to the discharge current used, demonstrating that one (out of four) coefficient presents a greater impact on the degradation process in the long term.
The proposed model and coefficient values can be easily and accurately adapted to different types of Liion batteries. This was validated under different discharge currents and two sets of experimental data: our own experimental data set and those from the Prognostics Center of Excellence of NASA Ames Research Center.
One of the main advantages of the proposed model is that the current SOH can be calculated by evaluating a simple algebraic expression. Although using all the confidence intervals for all the coefficients might induce a biased result, this can be amended by implementing a sequential learning method or other similar techniques to estimate coefficient c and we leave this for future research. 
